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Abstract
Classifying the behaviours of users in the cultural spaces with the aim to infer knowledge about the event fruition is a fascinating
challenge. In this paper, starting from real data, we are interested in predicting the user dynamics related to the interaction of a
spectator with artworks and with the available technologies. Clustering techniques are preliminary used to ﬁnd groups that reﬂect
visiting styles. Accordingly with this, we assume that visitors are previously classiﬁed. The start-up dynamical process underlying
classiﬁcation can be aﬀected by several errors. Here we adopt a powerful statistical method to predict the visiting style dynamics
of spectators. Finally, numerical experiments conﬁrm that it is possible to predict the visitors’ behaviour with good results.
c© 2015 The Authors. Published by Elsevier B.V.
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1. Introduction
In smart cultural spaces, the technologies are even more tailored to connect the physical and the virtual world. These
tools are designed in order to amplify in the visitors their basic knowledge and their fruition experience. Virtual spaces
involve the visitors as active players and make them enjoy the perception and the discovery of a new fascinating knowl-
edge. The ICT (Information and Communications Technology) architectures are generally designed in order to track
and analyse the behaviours of visitors that are immersed in cultural spaces and equipped with technological tools such
as mobile phones, tablets, touch displays. In this paper, we brieﬂy describe an Internet of Things (IoT) system that
relies on technological sensors immersed in the cultural environment and in a communication framework (see1 for
a detailed description). Moreover, we are interested in the analysis of the user visiting style starting from real data.
Systems for real visitors and applications are discussed in2,3 and in4,5, respectively. Semantic web methodologies
have been widely adopted to build-up art collections not only to infer information about a cultural item, but also to
browse, visualise, and recommend objects across heterogeneous collections6. Other methods are based on statistical
analysis of user datasets in order to identify common paths (i.e., patterns) in the available information. Here, the main
diﬃculty is the management and retrieval of large databases as well as issues of privacy and professional ethics7. In
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this paper we propose a novel statistical technique in order to reproduce the visiting style of persons that have been
previously classiﬁed with other methods.
The adopted statistical method is the Linear Multistep Method Particle Filter (LMM PF) that is a numerical approach
used for the estimation of the solution in a evolutionary system governed by a system of diﬀerential equations. If some
of the parameters of the governing equations are unknowns, it is possible to organise the calculations so as to estimate
them in time together with the state. The underlying assumption in the approach that we present is that all unknowns
are modelled as random variables, where the randomness is an indication of the uncertainty of their values rather
than an intrinsic property of the quantities. Consequently, the states of the system and the parameters are described
in probabilistic terms by their density, often in the form of representative samples8. More deeply, we discuss how
LMM PF can predict the behaviour of visitors previously classiﬁed that joined the cultural event. Finally, we prove
that the proposed approach is able to give beneﬁts on the prediction of the spectator behaviours by using information
that, at the start of the event, are aﬀected by errors in the behaviours.
The paper is organised as follows. The Section 2 is devoted to the ICT system description; in the Section 3 we describe
some mathematical preliminary assumptions. Experiments on the behaviour are carried out in the section Section 4.
Finally, conclusions close the paper.
2. Visiting Style Classiﬁcation
Our research focuses on data collected by means of the IoT framework during a real art exhibit, named “The Beauty
and the Truth” 1. Here, 253 sculptures, divided in 7 thematic sections (i.e., rooms), were provided of the capability to
interact with people, by means of a network of technological sensors and devices immersed in the cultural space, by
exploiting the bluetooth technology. More details on the IoT framework are explained in1. We collected data about
253 diﬀerent visitors, in order to deduce their visiting styles, i.e. how they have interacted with the artworks by means
of the provided tools and services. The analysis of visitors’ behaviours within the cultural space has enabled us to
deﬁne a classiﬁcation of the visiting styles (see1,9,10,11). For completeness, we report a brief description below. A
visitor is:
A an ant if it tends to follow a speciﬁc path in the exhibit and intensively enjoys the furnished technology;
B is a butterﬂy if it does not follow a speciﬁc path but rather is guided by the physical orientation of the exhibits
and stops frequently to look for more media contents;
F a ﬁsh if it moves around in the center of the room and usually avoids looking at media content details;
G a grasshopper if it seems to have a speciﬁc preference for some preselected artworks and spends a lot of time
observing the related media contents.
The four visiting styles are characterised by three diﬀerent parameters, related to each visitor: (a) the number of
viewed artworks, (b) the average time spent by interacting with the artworks, and (c) the path characterising the visit
order of the exhibit, in terms of crossed sections. A combination of low and high values related to these parameters
has permitted a ﬁrst classiﬁcation related to the visiting styles of the exhibit spectators in1. Figure 1 shows the
distribution of the visiting styles in all the exhibit sections, calculated by our classiﬁer. It is easy to note that As
and Gs have specular trends among the sections, since As start with a high population in the ﬁrst two sections, but
drastically decrease at the end of the exhibit, whereas Gs are thinly populated at the beginning of the exhibit but there
is a strong increment starting from section S 3, which culminates at the end of the exhibit.
The aim of the classiﬁcation is to propose adaptive strategies for the contents about the artworks, in order to make the
visitors enjoy the exhibition as much as possible. To this purpose, a deeper analysis of the evolutions represented in
Figure 1 must be carried out. As we are going to highlight in the following, the uncertainty on the data used for the
1 http://www.ilbellooilvero.it
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Fig. 1. Visitor classiﬁcation (number of visitors) starting from the section S 1 to all other sections
classiﬁcation leads to adopt a statistical approach rather than an analytical one to investigate the visitors dynamics. In
this framework, the LMM PF is the technique we are going to rely on.
3. Mathematical background
We start by considering the following initial value problem:
du
dt
= f (t, u, θ), u(0) = u0, t ∈ [0,T ], (1)
where the vector of parameters θ is unknown, or poorly known. Setting a discretisation step h for the time interval
[0,T ], indirect and noisy measurements of the states of the system are given:
b j = g(u(t j), θ) + e j, t j = jh.
Restricting the study of (1) to the time interval [t j, t j+1] and introducing a multistep numerical scheme, following12 it
is possible to resort to a statistical framework of the form:
Xj+1 = Ψ(Xj, θ, h) + Vj+1, Vj+1 ∼ N(0,Γ j+1(Xj, θ)),
Yj = G(Xj) + E j, E j ∼ N(0,Σ j).
(2)
The innovation term Vj+1 in (2) is connected with the approximation error, since its covariance matrix Γ j+1 = diag(γ),
γi = τ
2(u j+1 − uˆ j+1)2i , i = 1, . . . , d, τ > 1, is related to the estimation of truncation error of the time integrator, as u and
uˆ are the solutions computed with two LMMs of the same family of order respectively p and pˆ ≥ p + 1.
In Algorithm 1, we are giving the algorithm of LMM PF for state estimation. The starting point of the algorithm
is the initial sample S 0 comprising an ensemble of particles distributed according to π(x0) and representing possible
realizations of the initial value x0. To avoid the thinning of the sample as the particles are propagated in time (see13
for details), we choose as auxiliary particle μnj+1 = Ψ(x
n
j , h), that in particular, for each n, is a predictor of the value
of Xj+1 given the initial value xnj and assign it a weight according to how well it explains the next batch of data. Next
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Algorithm 1 LMM PF scheme for state estimation
1: {Input: π(x0) = π(x0|D0) prior distribution}
2: {Initialise:}
3: Draw the particle sample from π(x0), S 0 = {(x10,w10), . . . , (xN0 ,wN0 )} and set j = 0
4: {Propagation:}
5: Compute the predictor using LMM, xnj+1 = Ψ(x
n
j , h), 1 ≤ n ≤ N
6: For each n:
7: {Survival of the ﬁttest:}
8: Compute the normalised ﬁtness weights:
gnj+1 = w
n
jπ(y j+1|xnj+1), gnj+1 ←− gnj+1/
∑
n
gnj+1
9: Draw indices with replacement ln ∈ {1, . . . ,N}, using probabilities P(ln = k) = gkj+1
10: Reshuﬄe: xnj ←− xlnj , xnj ←− xlnj , 1 ≤ n ≤ N
11: {Innovation:}
12: Using LMM error control, estimate Γnj+1
13: Draw vnj+1 ∼ N(0,Γnj+1)
14: Proliferate: xnj+1 = x
n
j+1 + v
n
j+1
15: {Weight updating:}
16: Compute wnj+1 = π(y j+1|xnj+1)/π(y j+1|xnj+1), wnj+1 ←− wnj+1/
∑
n wnj+1
17: If j < T , set j = j + 1 and repeat from Step 5; otherwise, stop
18: {Output: S k+1, k = 0, . . . ,T − 1}
the particles are resampled according to these weights and the prediction are the propagated selected particles plus a
random innovation term. For a more detailed discussion of the algorithm see13. Moreover, the LMM PF algorithm
can be modiﬁed so as to estimate also the parameters of the dynamical system, as shown in13.
4. Experiments
The before mentioned classiﬁcation has provided the evolution of the distribution of As, Gs, Bs and Fs during an art
exhibition. In order to make every visitor satisﬁed, some adaptive strategies must be adopted. The metamorphosis
of the population must be followed by a metamorphosis of the information given about the artworks. For instance,
the decreasing behaviour of the ant population is a signal of the transformation of their visiting style. The detailed
description of the artworks is no longer satisfactory and the contents should be contracted in order to avoid the visitors’
displeasure. Since we need to have a good control of the population dynamics, an ODEs system approximating the
behaviours in Figure 1 must be identiﬁed. In the following, a set of time-dependent equations is proposed:
⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩
x′1 = −x′2 − x′3 − x′4
x′2 = 0.5(x2 + 10)k20x1 − 1√t − k2x1 − k3x4
x′3 =
1
t + k40x1 + k4x2 + k5x3
x′4 = − 1t (x4 − 20)2 + k6x1 + k7x2,
, x0 = [x01, x
0
2, x
0
3, x
0
4], (3)
where ki are ﬁxed constants and x1, x2, x3 and x4 are modelling respectively the evolution of As, Gs, Bs and Fs, and
x0 is the vector of the initial distribution given by an in entrance classiﬁcation. It is worth observing that we can not
assume a priori that the above system is the one whose solutions provide the best approximations for the observed
evolutions. Furthermore, the system is modelling behaviours (see Figure 1) that could be very far from the actual
ones. In fact, as mentioned above, the initial percentages of the visiting styles have been obtained by an in entrance
classiﬁcation, that consists in the registration of the amount of usage time of the technological devices in the ﬁrst
exhibition room. This is not an error-free procedure, since, for instance, at ﬁrst visitors are more likely to interact
with the available tools. As a consequence, the ant population is the prevalent one, even if the distribution does not
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Fig. 2. The solutions obtained with diﬀerent initial error compared with the curves interpolating the values for A*, G*, B*, F* in Table 1
Table 1. LMM PF values (A, G, B, F) compared with classiﬁcation method values (A∗, G∗, B∗, F∗) for V0 = 5%
Animal S 1 S 2 S 3 S 4 S 5 S 6 S 7
A∗ 61.7 49.8 39.1 28.1 19.8 13.0 9.88
A 64.8 58.2 46.0 33.1 21.6 13.0 7.23
G∗ 5.93 7.51 26.5 41.1 49.8 52.6 53.4
G 5.64 12.7 22.7 33.9 43.7 50.5 54.0
B∗ 0.79 13.8 2.77 4.35 6.32 10.3 12.6
B 0.75 2.3 3.80 5.55 7.62 10.1 13.1
F∗ 31.6 28.9 31.6 26.5 24.1 24.1 24.1
F 30.1 25.7 26.4 26.4 26.0 25.3 25.6
reﬂect the actual visiting trends. Therefore, it is reasonable to convert the ODEs system into a statistical system,
where populations xi, i = 1, . . . , 4 are modelled by random variables Xi, i = 1, . . . , 4. This assumption emphasises
the aleatory character of the problem itself and of its approximating system. Once a Bayesian framework is outlined,
the generic population is approximated at each time instant by a sample of weighted particles, distributed around the
mean value with a given variance. The initial sample S 0 is obtained by setting an initial percentage of visitors for each
population and an initial variance,
S 0 = {xi0}Ni , xi0 = x0 + Vi0, i = 1, . . . ,N
where N = 150 is the number of the particles of the sample,
x0 = [61.7, 5.93, 0.79, 31.6]
is the initial percentages vector and Vi0 is the variance of the initial distribution, i.e. the error aﬀecting the initial
available data due to an inaccurate classiﬁcation. Our goal is to verify the reliability of the proposed ODEs system.
We compute the solutions of the statistical model by resorting to LMMPF technique for diﬀerent values of V0. In order
to evaluate the model accuracy, the resulting visitors percentages in each room are compared with the ones obtained
by the classiﬁcation method. The numerical values for V0 = 5% are shown in Table 1. Although the entrance values
454   Salvatore Cuomo et al. /  Procedia Computer Science  98 ( 2016 )  449 – 454 
are aﬀected by error, the LMM PF narrows the discrepancies between the four couples and the exit percentages are
very close to the ones predicted by the classiﬁcation technique. We can try and increase the error on the initial data,
testing the model (3) also for V0 = 10%, 20%, 30%. Results are shown in Figure 2. The dashed lines represent the
interpolation of values in Table 1 for A*, G*, B* and F*, while the dotted lines represent the solutions of the model
obtained by the LMM PF. As the error increases, the approximation gets worst, although the exit percentages are
satisfactory for almost all populations.
5. Conclusions
In this paper we have applied the LMM PF to predict visiting styles dynamics. The proposed model provides a good
approximation of the behaviours. In fact, as the visitors walk through the exhibition rooms, the errors aﬀecting the
initial classiﬁed distributions are narrowing. Moreover, the worsening in the approximation increases very slowly if
compared with the initial error percentages chosen. This feature proofs the stability of system (3) and its accuracy in
modelling the observed behaviours.
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